Abstract
Introduction
Deformation of surrounding rock has always been a key problem during the construction of underground caverns. In the recent years, many studies focusing on time series prediction have been carried out to study the deformation prediction of surrounding rock [1] [2] [3] . By studying the laws of surrounding rock deformation changes with time on a measuring point of a crosssection in underground caverns, the deformation of surrounding rock is predicted in future. However, the study on maximum deformation of surrounding rock of underground caverns has gained less attention. Li [4] studied the general relationship between displacement and surrounding rock classification using the typical analogy analysis method on the basis of the collected 59 engineering projects. Yang [5] proposed an empirical formula to predict the deformation of surrounding rock, which was based on rock quality index value, cavern depth and size. However, most of the engineering projects in these research based on had been made initial support. The support type and tectonic stress field are different for each project. Meanwhile, the mechanics parameters of surrounding rock with the same classification differ greatly. Despite under the same conditions of rock classification, cavern buried depth and size, there is still great difference for surrounding rock deformation, about nearly 10 times. Furthermore, the representativeness of selected engineering projects has greater influence on the research results.
The maximum deformation of surrounding rock under the premise of no support and failure is defined as allowable deformation of surrounding rock. In other words, allowable deformation is the maximum displacement just before failure. At present, no enough studies on allowable deformation of surrounding rock has been carried out. Determination of allowable deformation is beneficial to choose the right support time and to ascertain reasonable reserved deformation value (between primary support and secondary lining). Moreover, it has important reference significance for the initial supporting design of underground caverns. Therefore, it is very essential to achieve the allowable deformation of surrounding rock quickly, conveniently, and accurately before support design.
Support vector machine (SVM) is a new general machine learning method, which was proposed by Vapnik in the 1990s based on structural risk minimization principle of statistical learning theory [6, 7] . It has achieved widespread application because of its good learning promotion and nonlinear mapping ability [8] [9] [10] . In order to overcome the influence of supporting type, tectonic stress, rock mass classification and measurement error, we introduced a novel allowable deformation prediction model for surrounding rock of underground caverns based on SVM. 100 groups of orthogonal experiment models was established and the numerical simulation experiments were conducted to obtain 100 learning samples so that the SVM prediction model of allowable deformation was established.
SVM prediction model 2.1 Influence factors of allowable deformation
The main influence factors of allowable deformation of surrounding rock include the size of caverns, the quality of surrounding rock, the space position and the construction factor. This research is based on the following assumptions:
1 Construction factor is not considered. In practical engineering, the construction factor is a human factor. It will not lead to large deformation of surrounding rock, as long as construction is carried out according to the optimal construction plan and control. Meanwhile, construction factor is difficult to quantify.
2 Only the role of gravity stress field and its horizontal component are considered. Large tectonic stress situation is not considered especially under the condition of horizontal stress greater than vertical stress. The spatial location of underground caverns involves the ground pressure problem and stress field. The tectonic stress has large uncertainty, and it is difficult to express in functional form.
Therefore, three influence factors are taken into consideration, which are rock mass classification, cavern buried depth and cavern size. The mapping relationship between allowable deformation and three above influence factors is established.
Support vector machine prediction model
Support vector machine has a strict theoretic basis, and also can solve the practical problems of small samples, nonlinearity, high dimension and local minimum point. Meanwhile, it has good learning promotion and nonlinear mapping ability. Support vectors in SVM are obtained by solving a convex quadratic optimization problem, which can ensure that the local optimal solution is the global optimal one. A brief introduction of support vector machine function fitting problem is introduced as following [11] . SVM function fitting is to perform a regression of the samples in area by using support vector machine. Thereby, the mapping function of the area is determined. Then the values of unknown samples of this area are calculated according to the fitting function.
1) For linear regression problem: It is known that
based on the training set D is identified to approximate the unknown regression function, where ω and b are parameters of the regression function. It is assumed that k training samples in training set can be fitted by using linear function without error under the precision ε, namely
The regression estimation problem is defined as the risk minimization problem of a loss function. When using structural risk minimization principle for risk minimization, the minimizing functional for the optimal regression function is:
Where C is a constant called penalty coefficient, which controls the degree of punishment when the sample beyond the error ε; ξ i and ξ * i are relaxation factors which are introduced in view of the acceptable fitting error. Now constraint condition is
For the quadratic optimization problem above, Lagrange multipliers (α i and α * i ) are introduced to construct the Lagrangian functional, and the dual problem of the original problem is obtained in the following condition:
To maximize the objective function
This is a typical convex quadratic optimization problem. By solving this problem, the SVM fitting function is obtained:
where α i and α * i are Lagrange multipliers. When α i and α * i are not both zero, the sample is the support vector.
2) For nonlinear regression problem: Nonlinear mapping is used to map the input vector into a high dimensional feature space, in which the nonlinear problem can be solved by translating into a similar linear regression problem. Assuming that φ(x) is a nonlinear mapping, K(u, v) is a symmetric function which satisfies the Mercer condition. Thus
is the kernel function. Kernel function is used to avoid the problem of "dimension disaster" in the high dimensional feature space. In addition, a kernel function of input space is applied to replace the inner product form of higher dimensional space. Thereby, the problem of high-dimensional calculation is solved in a skillful way. Hence, the problem of nonlinear regression optimization is translated into maximizing the objective function subjected to (4) as:
Where K is the kernel function. For a specific problem, the determination of the appropriate kernel function is the most important part of nonlinear regression. In this case:
SVM fitting function can be expressed as:
where α i and α * i are Lagrange multipliers. When α i and α * i
are not both zero, the sample is the support vector. Kernel function plays an important role in SVM. At present, the most common kernel functions include:
3 Sigmoid kernel function
There are many methods to solve quadratic optimization problem of SVM algorithm. The most common methods are the Chunking algorithm, Decomposition algorithm, the SMO algorithm, and Interior point algorithm. Currently, the SMO algorithm is widely applied in the actual problem.
The nonlinear relationship between influence factors and allowable deformation of surrounding rock can be described as y = S V M (x), where y is allowable deformation of surrounding rock, x = (x 1 x 2 x 3 ), and x 1 , x 2 , x 3 are surrounding rock classification, cavern depth and cavern size, respectively. The fitting function of the formula (9) is established through the learning samples. The sketch of the SVM for regression is shown in Fig. 1 .
Fig. 1. Schematic representation of the SVM for regression
In the actual projects, most of the underground caverns will be primarily supported immediately after excavation. The deformation data of surrounding rock without a support is quite smaller. Therefore, the deformation of surrounding rock is greatly influenced by the support type.
Allowable deformation prediction of surrounding rock without support was investigated based on the following three steps:
Step 1: The engineering rock mass classification was subdivided based on the national standards Standard for Engineering Classification of Rock Masses (GB50218-94). Meanwhile, more accurate mechanics parameters of surrounding rock were obtained;
Step 2: According to the theory of orthogonal experimental design and genetic algorithm, 100 sets of multi-factors mixed with multi-levels orthogonal experiment were designed. These 100 sets of orthogonal experiment based on the mechanics parameters of surrounding rock, 100 groups of learning samples and 9 samples of random inspection were simulated using ABAQUS. As a result, nonlinear relationship between influence factors and allowable deformation were achieved.
Step 3: The SVM prediction model of allowable deformation was established by investigating of the learning samples based on LibSVM. Moreover, the 9 samples of random inspection and 9 engineering examples were predicted and compared with their actual values.
Rock mass quality classification
Physical-mechanical parameters of rock mass reflect the stability and quality of rock. These parameters are closely related to hardness degree of rock and rock mass integrity which determine the rock mass basic quality. The national standards Standard for Engineering Classification of Rock Masses (GB50218-94) provides the suggested values of rock mass physical-mechanical parameters at all grades through probability analysis and comprehensive comparison, which is based on many statistical results of experimental data in terms of rock mass quality grade [12] . Rock mass quality classification and physical-mechanical parameters are shown in Table 1 .
The range of values of physical-mechanical parameters is tabulated in Table 1 for the same grade of surrounding rock. Different mechanical parameters in the same grade of surrounding rock will lead to a great difference of surrounding rock deformation when cavern buried depth and cavern size are fixed. The numerical calculation results of surrounding rock deformation have a close relationship to the selection of mechanical parameters, but the influence of each parameter on deformation is different [13] . The research showed that the sensitivities of these parameters affecting deformation in a descending order are the deformation modulus, the internal friction angle, the Poisson ratio, and the cohesion. Especially, the sensitivities of deformation modulus and internal friction angle are comparatively higher than another two parameters [14] . Deformation modulus is the controlling factor which affects the deformation of surrounding rock.
The engineering rock mass classification is subdivided according to rock mass basic quality index (BQ) in order to obtain the allowable deformation more accurately on the basis of surrounding rock grade in preliminary design, as shown in Table 2 .
In the actual projects, surrounding rock of grade II, III, and IV is common. The previous researches showed that rock mass basic quality index (BQ) and physical-mechanical parameters generally meet the linear relationship [15] . Therefore, each grade of surrounding rock was subdivided into three sub-state on the basis of subdivision of rock mass basic quality index (BQ) into three ranges. Also, for grade II, III, and IV rocks, the value of parameters (deformation modulus, internal friction angle, poisson ratio, cohesion) was divided into three equal parts. Then the parameter value on equal diversion point was defined as the representative value of each sub-classification. Since the gravity density has little influence on deformation, the average value of the original gravity density of each surrounding rock grade was used as the representative value of each sub-classification. In this way, the number of quality grade becomes 10, so the classification relative to original standard is more detailed. Meanwhile, the selection of physical-mechanical parameters of surrounding rock is more reliable, which is beneficial to improve the accuracy of deformation studies.
Currently, classification indexes and grading-standards among various international rock mass classification methods greatly differ. Bieniawski [16] proposed the RMR classification of rock mass mechanics, which has been widely applied. Xu et al. [17] studied the relationship between BQ and RMR, and suggested a modified empirical formula as follows:
Relationship between BQ and RMR can be obtained by Eq. (1). For foreign rock mass engineering, the new classification can be determined according to value range of BQ in Table 2 , and the corresponding physical-mechanical parameters will be acquired. The successful experience of foreign engineerPeriod. Polytech. Civil Eng.
ing design based on rock mass classification provides insights in the design and investigations. Allowable deformation of the foreign underground caverns can also be predicted at the same time.
Numerical simulation experiment 4.1 Orthogonal design
In the actual projects, rock mass quality of -grade V surrounding rock is worse. Deformation of caverns develops as soon as the excavation is carried out and becomes larger if primary support is not made immediately after excavation. Quality grade was divided into 10 categories as shown in Table 2 . Cavern depth was considered up to 500 m and cavern radius was controlled from 1.5 m to 6 m. The cavern depth and radius of V grade surrounding rock range to the large value which ultimately lead to the failure. Therefore, V-grade surrounding rock was not considered in this study. The orthogonal factor level of numerical simulation experiment is shown in According to Table 3 , 900 groups of experiment were to be carried out if test was conducted comprehensively. Therefore, the scale would be very large. Fortunately, orthogonal experiment design method is an effective method which makes scientific arrangement and solves the problem of multi-factors experiment using "orthogonal table".
As the levels of each factor were large and unequal in simulation experiment design, standard orthogonal table would not meet the requirements. Yang et al. [18] solved the large-scale multi-factors mixed with multi-levels experiment design problem, which, however, did not agree to the standard orthogonal table based on orthogonal design theory, taking genetic algorithms as optimization algorithms. A reasonable experimental scheme was proposed in this paper. In this study, 100 groups of experiments were designed as the numerical simulation experiment scheme using the above method, and were sorted according to the quality grade of surrounding rock. Due to limitations of space, 20 of them are listed as representative in Table 4 .
Numerical simulation
Two-dimensional numerical model was established for numerical calculation based on ABAQUS [19] . The surrounding rock ranging about 3 to 5 times the tunnel diameter from the center of the excavation scope was affected by the tunnel excavation [20] . In order to eliminate the influence of the boundary effect on the calculation results, the calculation range was determined. The left, right and down boundaries were more than six times of cavern diameter from the cavern boundary. It is noted that the upper boundary was at the actual distance to the surface. And the boundary from the center of tunnel was 80 m. The left and right boundaries were set to horizontal restraint. The bottom boundary was set to vertical restraint while the upper boundary was free surface. A total of 100 groups of orthogonal experiment models and 9 experiment models of random inspection were established. The 9 samples of random inspection were randomly selected. The representative numerical model is shown in Fig. 2 .
Fig. 2. Representative numerical model
In the calculation process, Mohr-Coulomb failure criterion was adopted. The lateral pressure coefficient was ν / (1 -ν), and dilatancy angle was half of the internal friction angle [21] . Other physical-mechanical parameters were selected in accordance to Table 2 . Gravity stress of rock mass was exerted to the entire model.
Numerical simulation results
In the numerical simulation experiment, the allowable deformation is the maximum displacement of caverns just before failure. 100 groups of numerical simulation experiments were carried out using the above models. As a result, 100 groups of allowable deformation of surrounding rock of underground caverns were obtained and thus, the learning samples of SVM prediction model were obtained. Due to limitations of space, 20 of them are listed as representative in Table 5 . Meanwhile, cavern depth range was considered within 500 m and cavern ra- dius ranged from 1.5 m to 6 m. The cavern depth and cavern radius were selected randomly based on these criteria according to grade quality. 9 groups of random numerical simulation experiments were carried out in total, and the experiment results were taken as inspection samples.
5 Allowable deformation prediction of surrounding rock based on SVM 5.1 Allowable deformation prediction of surrounding rock Many commercial packs of software are available currently for the calculation of SVM. In this paper, the calculation was carried out based on LibSVM [22] . RBF kernel function was selected as the kernel function of calculation model which had a good fitting and generalization capability. SMO algorithm was used to solve the quadratic optimization problem. The key parameters of SVM model were penalty coefficient C and RBF kernel function parameter σ 2 .
In order to eliminate the influence of large difference of values and inconsistent dimension among three influence factors, all factors were normalized to the interval [0, 1] before sample learning. The learning process was actually the process of finding the optimal model parameters C and σ 2 . Parameter selection has much influence on the prediction results. Cross-validation method was used to select the parameters C and σ 2 . Firstly, the range of value of parameters C and σ 2 was determined.
Secondly, the chosen parameter was combined and the learning samples were trained. Finally, the optimal parameters of SVM model were obtained. The optimal model parameters obtained after calculation are C = 94 and σ 2 = 0.5.
Then, 100 learning samples were trained using the optimal model parameter C and σ Table 6 . At this point, the SVM prediction model of surrounding rock was established. The allowable rock deformation could be predicted from Eq. (9) and Fig. 1 .
The 9 samples of random assessment were anticipated by utilizing the established SVM prediction model as demonstrated in Table 7 . The comparison of numerical simulation values and prediction values by SVM is presented in Fig. 3 . It can be seen from Table 7 and Fig. 3 , the maximum relative error of the SVM prediction is 8.8%. The error is small and the SVM prediction model has a decent prediction effect. Therefore, SVM can be used to predict the allowable deformation of surrounding rock with high accuracy and great applicability. 
Engineering example verification
The study demonstrates that SVM has good relevance in allowable deformation for surrounding rock of underground caverns. Since the learning samples were obtained by numerical simulation experiment, it is not clear whether the SVM prediction model can be utilized to predict the allowable deformation for surrounding rock of actual underground caverns well. Therefore, engineering examples were selected to validate the SVM prediction model. The underground caverns which have smaller tectonic stress (particularly horizontal stress) and no primary support were selected as engineering examples the extent that this would be possible. In total, nine engineering examples were selected for validation [4] .
For the nine engineering examples, rock mass classification was subdivided according to rock mass basic quality index (BQ) as shown in the qualitative characteristics of rock mass, the quality of the rock mass is chosen whether it is in great, reasonable or poor condition in the basic quality grade corresponding to the three sub-classifications in Table 2 . Once the quality grade is determined, allowable deformation of surrounding rock for proposed underground caverns can be predicted by using the established SVM prediction model. The results can provide reference for preliminary design of underground caverns, even for project site selection.
Because of the larger range of cavern depth and radius in this study, the caverns in V-grade surrounding rock have large deformation or even might have reached failure. Thus, V-grade surrounding rock was not considered. For the V-grade surrounding rock, we can contract the range of cavern depth and cavern radius. Then, the learning samples for V-grade surrounding rock can be obtained by numerical simulation experiment emulating the research method of this study. The SVM prediction model for V-grade surrounding rock will be established finally.
However, for the large-span deep caverns, the value range of cavern depth and cavern radius in this study is not sufficient. Geostress situation in the engineering area where the location of these caverns is complex and uncertain, the influence of tectonic stress must be considered for the learning samples used to establish the SVM prediction model. Therefore, the prediction model in this study is not suitable for the large-span deep caverns. Further research is required in the following work for this case.
In conclusion, for the general underground caverns whose buried depth is less than 500 m and cavity diameter is less than 12 m. When they have smaller tectonic stress, the SVM prediction model that had been created in this study has a good applicability. Once the quality grade of surrounding rock, cavern buried depth and cavern radius were determined, the allowable deformation would be obtained quickly and conveniently based on the SVM prediction model. In the meantime, the prediction accuracy is high and the maximum relative error is 20%. It is believed that predictions can meet the engineering requirements well so that the support design can be outlined in the preliminary design stage of underground caverns.
Conclusions
Following conclusions can be drawn from this study:
1 The engineering rock mass classification was subdivided based on the national standards, Standard for Engineering Classification of Rock Masses (GB50218-94). According to the new classification, the selection of physical-mechanical parameters of surrounding rock is more reliable, which is beneficial to improve the accuracy of deformation prediction. According to the new classification, the selection of physicalmechanical parameters of surrounding rock was more reliable, which proved to be advantageous in enhancing the accuracy of deformation prediction.
2 Two-dimensional numerical models were established based on ABAQUS to simulate 100 sets of multi-factors and multilevels orthogonal experiments in which the more accurate physical-mechanical parameters of surrounding rock were utilized. Thereafter, 100 groups of learning samples and 9 samples of random inspection were obtained. These samples ultimately overcome the influence of supporting type, tectonic stress, rock mass classification and measurement error.
3 The SVM prediction model of allowable deformation was established. The optimal model parameter C was 94 and σ 2 was 0.5. The 9 samples of random inspection were predicted by using the SVM prediction model created in this study. Then the prediction results were compared with the experiment values. The results demonstrated that the prediction accuracy was high. The maximum relative error of the SVM prediction was 8.8%. The SVM prediction model created in this study had the advantages of comfort, rate, and reliability.
4 Allowable deformation of surrounding rock for 9 engineering examples was predicted by using the established SVM prediction model. The results showed that the prediction values agreed well with the measured values and the maximum relative error was 20%. Since the engineering measured values are influenced by the inevitable tectonic stress and measurement error, it is believed that predictions can meet the engineering prerequisites well for the preliminary design of underground caverns.
